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Abstract

Polygonatum kingianum Coll. (PKC) is a valuable medicinal herb native to Yunnan, China,
but its yield and quality are severely threatened by root rot. To elucidate the rhizosphere mi-
crobial dynamics associated with this disease and to identify location-transcending patterns,
we collected rhizosphere soils from healthy and diseased PKC plants at three planting bases
in Lincang, Qujing, and Kunming. Soil properties were measured, and bacterial (165 rRNA)
and fungal (ITS) communities were characterized by amplicon sequencing. Geographic
origin emerged as the dominant factor associated with microbial community structure, with
soil moisture, organic matter, and nutrients all showing significant associations. The effect
of disease on microbial diversity was site-specific. Nevertheless, LEfSe analysis identified
cross-location-consistent indicator genera: Acidiferrimicrobium and HSB_OF53_F07 were
enriched in healthy soils, while Burkholderia-Caballeronia-Paraburkholderia and Rhodanobacter
were enriched in diseased samples. At the trophic mode level, a consistent pattern was
observed: diseased rhizosphere soils had higher relative abundance of pathotrophic fungi
and lower abundance of symbiotrophic fungi compared to healthy soils. However, at the
finer guild level, no individual guild showed statistically significant differences after FDR
correction. Co-occurrence network analysis revealed a striking structural reorganization:
healthy plants harbored a fungus-dominated network (57.04% fungi), whereas diseased
plants shifted to a bacterium-dominated network (55.71% bacteria), accompanied by an
increased proportion of negative correlations. Redundancy analysis (RDA) and Mantel
tests further confirmed that soil physicochemical properties, rather than health status, were
the primary factors associated with microbial community variation (Mantel’s r = 0.725 for
bacteria, 0.768 for fungi). Collectively, this study provides the first systematic evidence of
cross-location common microbial shifts and network reorganization associated with PKC
root rot. These findings offer a microecological basis for developing green prevention and
control strategies against this devastating disease.

Keywords: Polygonatum kingianum; root rot; rhizosphere microbiome; FUNGuild; co-
occurrence network; soil physicochemical properties; Yunnan Province

1. Introduction

Polygonatum kingianum Coll. (PKC) is a perennial herb of the genus Polygonatum
(family Liliaceae), primarily distributed in the southwestern region centered on Yunnan
Province. It is an important authentic medicinal material in Yunnan [1]. This plant is rich
in various active ingredients beneficial to the human body. In traditional Chinese medicine,
PKC is recognized for its properties of nourishing the kidney and essence, moistening
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yin and reducing dryness; modern pharmacological research further confirms that PKC
has multiple medicinal values, such as anti-aging, immune enhancement, hematopoiesis
regulation, anti-inflammatory, anti-tumor, and hypoglycemic effects [2].

However, with the continuous expansion of cultivation areas and long-term contin-
uous cropping, the problem of soil microecological imbalance has become increasingly
severe, and frequent diseases have become a key bottleneck restricting its yield and qual-
ity. Common diseases of PKC include black spot, gray mold, root rot, and leaf spot [3].
Among them, root rot is a devastating soil-borne disease. Its causative fungi can spread
rapidly through soil and water movement. Once infected plants appear in the field, they
are prone to causing large-scale infection, resulting in severe yield reduction or even total
crop failure [4], posing a significant threat to the sustainable development of the PKC
industry. Root rot of PKC is caused by multiple fungal pathogens, including Fusarium
oxysporum, Fusarium redolens, Fusarium concentricum, and Aspergillus awamori, with Fusarium
species being the most frequently isolated and considered the dominant pathogens [3,4].
However, root rot is rarely the result of a single pathogen; rather, it involves a complex
pathobiome—the assemblage of pathogenic microorganisms and their interacting microbial
associates that collectively contribute to disease development [5]. Moreover, disease occur-
rence is often preceded or accompanied by rhizospheric dysbiosis, defined as a disruption
of the native rhizosphere microbial community structure and function that weakens the
soil’s natural disease-suppressive capacity and facilitates pathogen invasion [6]. These
integrative concepts emphasize that root rot should be understood not merely as pathogen
infection but as a microecological imbalance involving multi-kingdom interactions and
environmental triggers.

Rhizosphere microorganisms are key drivers of soil energy flow, organic matter
turnover, and nutrient cycling and are the most active components in rhizosphere soil
ecosystems [7]. The changes in community diversity and functional diversity not only
affect the dynamic changes in soil quality and ecological environment conditions [8], but
are also closely related to the occurrence of soilborne diseases. On the one hand, in soils
with rich microbial diversity, pathogenic microorganisms find it more difficult to survive;
on the other hand, the occurrence of soilborne diseases can further reduce the diversity
of soil microorganisms [9]. Meanwhile, the structure of soil microbial communities can
effectively reflect the nutrient status of soil and the health and stability level of ecosys-
tems [10]. Research has shown that pathogenic microorganisms in rhizosphere soil are the
main source of soilborne diseases [11]. They induce diseases by infecting host plants and
altering interspecific competition patterns [12]. The diversity and relative abundance of rhi-
zosphere microorganisms are closely related to the occurrence of plant diseases. Numerous
studies have shown that a rich and stable rhizosphere microbial community can effectively
suppress soilborne diseases [13,14]. In addition, the composition of rhizosphere micro-
bial communities will dynamically adjust with changes in plant species, developmental
stages, and environmental conditions. Generally speaking, the more complex the microbial
community structure, the more stable the physical and chemical properties of soil tend to
be [15]; conversely, the imbalance of rhizosphere microorganisms directly associated with
plant health and soil fertility levels [16]. It is worth noting that non-biological factors in soil,
such as organic matter content, pH value, humidity, etc., also significantly correlate with
the activity and spread of pathogenic microorganisms, thereby being associated with the
frequency and severity of soilborne diseases [17]. In summary, the systematic analysis of
the impact mechanisms of soil biotic and abiotic factors on disease occurrence is the basis
for formulating scientific and effective disease prevention and control strategies.

Although several recent studies have begun to characterize the rhizosphere micro-
biome of Polygonatum species, most have focused on P. cyrtonema or P. sibiricum. For
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instance, Pang et al. (2022) showed that root rot disrupted the microbial communities and
reduced diversity in the P. cyrtonema rhizosphere [18]. Among the limited studies on P.
kingianum, one investigation across five planting areas focused on the relationship between
microbial communities and herb quality, identifying soil properties as key predictors of mi-
crobial structure [19]. However, research specifically addressing the rhizosphere microbial
dynamics associated with root rot in PKC remains scarce, especially whether there are com-
mon microbial change patterns in different regions and how soil physicochemical factors
are associated with these changes, which lacks a systematic understanding. To address this
gap, we formulated the following hypotheses: (i) PKC root rot is associated with consistent,
location-transcending shifts in rhizosphere microbial community composition and function;
(ii) specific bacterial and fungal taxa serve as cross-location indicator genera for healthy
versus diseased status; and (iii) the disease is accompanied by fundamental reorganization
of microbial interaction networks and trophic functional profiles. To this end, this study
selected three Yunnan PKC planting bases with different geographical locations, collected
healthy and infected root rot plants’ rhizosphere soil, and analyzed the bacterial and fungal
community composition in the rhizosphere soil using amplicon sequencing technology.
Combined with quantitative determination of soil physicochemical properties, the aim was
to identify the microbial community changes that are significantly related to root rot occur-
rence across the three locations and reveal the key soil physicochemical factors associated
with these microbial changes. The research results will provide a microecological basis for
further revealing the pathogenesis of PKC root rot and provide theoretical guidance and
practical reference for the green prevention and control of this disease.

2. Materials and Methods
2.1. Sample Collection

Three PKC planting bases were selected as sampling points in Yunnan Province,
namely: Hejiazhuang planting base in Fengqing County, Lincang City (99.31° E, 24.13° N),
Zhehai Linxia industrial base in Huize County, Qujing City (25.75° N, 103.55° E), and
Dayang Fengle Linxia planting base in Xundian County, Kunming City (103.20° E, 25.46° N).
At each base, healthy and diseased plants coexisted in the same field, and rhizosphere
soil samples were collected from both groups. Plants were diagnosed as diseased based
on typical symptoms: wilting, leaf yellowing, rhizome browning and necrosis, water-
soaked lesions, and soft rot with foul odor; healthy plants showed no such symptoms
(see Supplementary Figure S1 for contrasting images). Rhizosphere soil was collected by
brushing the soil tightly adhering to the root surface (1-2 mm thickness) after removing
loose soil. At each site, five healthy and five diseased plants were sampled. For each
group, the rhizosphere soils from all five plants were pooled, thoroughly homogenized,
and divided into three aliquots as biological replicates. After passing through a 0.2 mm
sieve, the collected soil samples were immediately divided and frozen in liquid nitrogen
before being transferred to a —80 °C freezer for storage. Bulk soil samples (without plants)
were not collected. The grouping markers for each sample are as follows: Kunming
healthy plant rhizosphere soil (DZJK), Kunming diseased plant rhizosphere soil (DZGF),
Lincang healthy plant rhizosphere soil (FSJK), Lincang diseased plant rhizosphere soil
(FSGF), Qujing healthy plant rhizosphere soil (AH]JK), Qujing diseased plant rhizosphere
soil (AHGEF).

2.2. Soil Physicochemical Property Testing

Soil water content (WC) was determined gravimetrically by drying soil at 105 °C to
constant weight. The soil pH value was measured according to the method described by Ji
et al. [20]. Total nitrogen content (TN) was analyzed using a dry combustion method with
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an elemental analyzer (Vario MACRO cube, Elementar, Germany). Total phosphorus (TP)
and total potassium (TK) were measured using colorimetric and flame atomic absorption
spectrophotometry, respectively [21]. According to Shigaki and Sharpley’s [22] study, avail-
able phosphorus (AP) was extracted using sodium bicarbonate, followed by ammonium
acetate (NH4AC) extraction. Alkaline nitrogen (AN) was determined using the alkaline
diffusion method [23], and available potassium concentration (AK) was measured using a
flame photometer [24]. A soil nutrient rapid analyzer (ST-TR02, Qingdao, China) was used
to measure soil organic matter (SOM) [25]. All soil physicochemical data were statistically
analyzed using one-way ANOVA with Tukey’s HSD post hoc test to compare all six groups,
and independent sample ¢-tests were used for paired comparisons between healthy and
diseased samples within each location. Significance was set at p < 0.05.

2.3. DNA Extraction, Amplification, and Sequencing

Total genomic DNA was extracted from 0.5 g of soil using the TTANamp Soil DNA
Kit (Tiangen, Beijing, China) according to the manufacturer’s instructions. After pass-
ing the purity test using a NanoDrop-2000 spectrophotometer (Thermo Fisher Scien-
tific, Wilmington, DE, USA), the DNA was stored at —20 °C for future use. Amplifi-
cation of bacterial 165 rRNA gene V3-V4 region and fungal ITS rRNA gene ITS1-1F
region using primer pairs: bacterial 341F (5'-CCTAYGGGRBGCASCAG-3') and 806R (5'-
GACTACNNGGGTATCTAAT-3'); fungal ITS1-1F-F (5'-CTGGTCATTTAGGAGAGATA-3)
and ITS1-1F-R (5'-GCTGTGTTCATGATGC-3') [26]. The amplicon library was prepared
using the Nextera XT Index Kit (Illumina Inc., Madison, WI, USA) according to the 16S
and ITS metagenomic sequencing library construction protocol. The library quality was
evaluated through gel electrophoresis, 1 x AMPure XP magnetic bead purification, and
Agilent Bioanalyzer 2100 system (Agilent Technologies, Santa Clara, CA, USA) (with DNA
1000 chip). The purified product was quantified using a Qubit 2.0 fluorescence meter and a
dsDNA detection kit (Life Technologies, Carlsbad, CA, USA; item number: Q328520) [27].
After mixing equal amounts of amplicon libraries, sequencing was completed by Beijing
Novogene Bioinformatics Technology Co., Ltd. (Beijing, China). on the Illumina MiSeq plat-
form. A total of 36 samples (6 groups x 3 replicates x 2 amplicon types) were sequenced.

2.4. Data Quality Control, OTU Clustering, and Species Annotation

The raw sequencing data was output in FASTQ format. Trimmomatic software (v0.32)
was used to remove low-quality read segments (quality value < 20) and organize them
into a double-ended form [28]. The dual-end read segments were concatenated using
FLASH software (v1.2.11), with a minimum overlap of 10 bp, a maximum overlap of 200 bp,
and a maximum mismatch rate of 20% [29]. After trimming and joining, the final read
length was approximately 420-460 bp for bacterial 16S and 350-400 bp for fungal ITS.
Chimeric sequences were removed using UCHIME software (v4.2) to obtain clean reads for
subsequent analysis [30]. Based on clean read segments, the UPARSE process was used to
cluster operational taxonomic units (OTUs) with a similarity threshold of 97% [31]. The
classification annotation of bacterial sequences relied on the SILVA database (SILVA v138.1,
confidence threshold of 70%), while fungal sequences relied on the UNITE database (v8.3),
and taxonomic assignment was performed using the Ribosome Database Project (RDP)
classifier [32,33].

2.5. Statistical Analysis and Visualization

The QIIME software (version 1.9.1) was used to calculate the diversity index, including
the number of observed OTUs, Chaol richness estimates, Shannon diversity index, and
abundance-based coverage estimates (ACE) [34]. The beta diversity assessment first calcu-
lated the Bray—Curtis dissimilarity index for bacteria and weighted UniFrac distance for
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fungi, and then performed principal coordinate analysis (PCoA) in QIIME based on these
indices. Use relevant scripts in R software (version 4.2.0) to draw bar charts and heatmaps
of relative abundance at the genus level [35]. All statistical analyses were performed using
R version 4.2.0. Alpha diversity indices (Chaol and Shannon) were compared between
groups using the Wilcoxon rank-sum test. Beta diversity differences were assessed using
PERMANOVA (adonis function in vegan package) with 999 permutations. To identify
differentially abundant taxa between healthy and diseased groups, LEfSe (Linear Dis-
criminant Analysis Effect Size) analysis was performed using the online Galaxy platform
(https:/ /bitbucket.org/biobakery/biobakery/wiki/lefse, accessed on 2 June 2026). Briefly,
the non-parametric Kruskal-Wallis rank-sum test was first applied to detect taxa with
significant abundance differences among groups (p < 0.05). Next, Wilcoxon rank-sum test
was used for pairwise comparisons between groups. Finally, linear discriminant analysis
(LDA) was performed to estimate the effect size of each differentially abundant taxon, with
a logarithmic LDA score threshold > 2.0 considered statistically significant [36].

Based on OTU-level data, the SPARCC method in R was used for co-occurrence
network analysis. Only taxa with relative abundance > 0.01% in at least three samples
were retained. Strong and significant correlations were defined as Spearman’s correlation
coefficient | p| > 0.6 with p <0.01 (after FDR correction). The calculation and visualization of
network features were completed using Gephi software (version 0.9.2) [37]. Anindependent
sample f-test was used for inter-group comparison, with a significance level set at p < 0.05.
All statistical calculations were performed in IBM SPSS software (version 20.0). The graphic
post-processing and illustration production were unified using Adobe Illustrator CC 2019
(Adobe Systems Inc., San Francisco, CA, USA).

Mantel tests based on Spearman’s rank correlation with 999 permutations were per-
formed using an online platform (https://www.cloudtutu.com, accessed on 25 May 2026)
to evaluate the overall relationship between soil physicochemical property distance matrix
(Euclidean distance of nine normalized variables: WC, SOM, TN, TP, TK, AN, AP, AK, pH)
and microbial community distance matrix (Bray—Curtis distance for bacteria, weighted
UniFrac distance for fungi) [38]. Spearman’s rank correlation analysis was performed to
evaluate the relationships between individual soil physicochemical properties and the
relative abundance of microbial genera (mean relative abundance > 0.1%). p-values were
adjusted for multiple comparisons using the false discovery rate (FDR) method (Benjamini—
Hochberg) [39]. Correlations with |p| > 0.6 and FDR-adjusted p < 0.05 were considered
statistically significant. The complete correlation matrices are provided in Supplementary
Tables S1 and S2. For comparisons of relative abundance at phylum and genus levels
between healthy and diseased groups, Wilcoxon rank-sum tests were performed with FDR
correction (Benjamini-Hochberg, q < 0.05). Only taxa with q < 0.05 were considered signifi-
cantly different between groups. To further assess the overall relationships between soil
properties and microbial communities, Mantel tests based on Spearman’s rank correlation
(999 permutations) were performed between: (i) the soil physicochemical property distance
matrix and the microbial community composition distance matrix (Bray—Curtis for bacteria,
weighted UniFrac for fungi); (ii) the soil property distance matrix and the genus-level
abundance distance matrix (Bray-Curtis) for both bacteria and fungi; and (iii) the soil
property distance matrix and alpha diversity indices (Chaol and Shannon) for both bacteria
and fungi.

For bacterial functional prediction, PICRUSt2 was used to predict KEGG pathway
abundances (level 3) based on the 165 rRNA gene sequences [40]. Differentially abundant
pathways between healthy and diseased groups at each location were identified using
Welch'’s t-test with false discovery rate (FDR) correction (Benjamini-Hochberg, q < 0.05).
For fungal functional prediction, FUNGuild was used to assign trophic modes and guilds
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to fungal OTUs [41]. Differences in trophic mode and guild abundances between groups
were tested using the Wilcoxon rank-sum test with FDR correction (q < 0.05).

3. Results
3.1. Soil Physicochemical Properties Associated with Healthy and Diseased PKC Rhizosphere

According to the analysis of the physicochemical properties of healthy and diseased
plant rhizosphere soil in Kunming (DZ), Lincang (FS), and Qujing (AH), geographical origin
is the dominant factor associated with soil properties, and the three regions show significant
differences in most indicators (Table 1). Statistical comparisons (one-way ANOVA with
Tukey’s HSD and independent sample t-tests) confirmed these differences, with superscript
letters in Table 1 indicating significant differences among groups (p < 0.05). For example,
the organic matter, total nitrogen, and available phosphorus content of Kunming soil are
significantly higher than those of the other two regions, while the total potassium and
available potassium content of Lincang soil are the highest. The contrasting morphology
between healthy and diseased plants is illustrated in Supplementary Figure S1.

Table 1. Physicochemical properties of rhizosphere soils from healthy and root rot-affected PKC
across three locations in Yunnan.

FSGF FSJK AHGF AHJK DZGF DZJK

WC 28.03+059¢c 2443 +0.19d 4141+0.10a 4225+ 027 a 3741+180b  2745+0.76¢

SOM 247 +424d 4473 +246¢ 98.72 +2.74b 10523 +£3.77b  18212+343a 191.72+6.68a
N 1.08 + 0.08 d 2.70 +0.14 ¢ 533+0.16b 525+ 0.18 b 8.50 £ 0.17a 838 +£0.32a
TP 0.54 4 0.09 ¢ 0.70 + 0.08 be 0.93 + 0.16 ab 0.92 4 0.12 ab 1.00 £ 0.08 a 1.03+0.02a
TK 1333+ 0.79a 12.10 £ 040 a 1029 + 0.85 b 9.76 -+ 0.70 be 9.08 =+ 0.58 bc 8.17 £0.23 ¢
AN 22197 +3491d 42488 +1921c 79891 4+2531b  774.85+2485b 111212 +284a 111893 +7.74a
AP 68.56 +10.16c  88.944+991bc 11891 +19.90ab 11842 +1548ab 12628 +9.01a 131.93 +298a
AK 14831 +1257¢c  136.66 £5.00bc 11668 9.99ab  111.68 +5.00ab 10336 =577a  95.03 +2.89a
pH 720+0.14a 72140.12a 7.16 +0.02a 717 +0.05a 7304+ 025a 7.25+0.07a

Note: Different lowercase letters indicate significant differences among all six groups based on one-way ANOVA
with Tukey’s HSD post hoc test (p < 0.05). These letters primarily reflect geographic variation. Paired comparisons
between healthy and diseased groups within the same location were performed using independent-sample
t-tests, and the corresponding significances are described in the text. Abbreviations: FS, Lincang (Fengqing
County); AH, Qujing (Huize County); DZ, Kunming (Xundian County); JK, healthy plants; GF, root rot-affected
(diseased) plants.

The association between health and disease status on physicochemical properties
was site-specific. According to paired t-tests (p < 0.05), in Lincang, the moisture content
of diseased soil was significantly higher than that of healthy soil, while organic matter,
total nitrogen, and available nitrogen were significantly lower. In Kunming, diseased soil
also showed a significant increase in moisture content by paired t-test (p < 0.05), but no
significant differences were observed in other nutrient indicators. In Qujing, there were
no significant differences in any of the nine physicochemical indicators between healthy
and diseased soils (paired t-tests, all p > 0.05). The pH values of all samples were neutral
to slightly alkaline (7.16-7.30) with no inter-group differences. It should be noted that the
conservative Tukey’s HSD test (Table 1), which adjusts for multiple comparisons across all
six groups, may not always detect these site-specific paired differences; therefore, the letters
in Table 1 primarily reflect geographic variation, while the within-site comparisons are
supported by independent-sample ¢-tests as described above. These results indicate that
the association between root rot on soil physicochemical properties is highly site-specific
and does not follow a universal pattern.
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3.2. Microbial Alpha and Beta Diversity

To evaluate the species richness and diversity of bacterial and fungal communities
across different groups, we calculated the Chaol and Shannon indices (Figure 1). For bacte-
rial communities, the Chaol index (Figure 1a) indicated that AHJK (5704.83 + 325.61) and
DZGF (4619.47 + 412.85) exhibited the highest species richness, while FSJK (3366.72 + 298.54)
and DZJK (3279.15 + 361.42) had the lowest. The Shannon index (Figure 1b) showed that
DZGF (3.89 £ 0.21) and DZJK (3.85 £ 0.19) had the highest diversity, while FSJK had the
lowest (2.05 £ 0.17). Wilcoxon rank-sum tests revealed that bacterial Shannon diversity
was significantly lower in diseased samples than in healthy samples at Lincang (FS) and
Kunming (DZ) (p < 0.05), but not at Qujing (AH) (p > 0.05) [42]. For fungal communities, the
Chaol index (Figure 1c) showed that DZGF (2412.36 + 356.72) and DZJK (2215.48 £ 298.53)
had the highest species richness, while FSGF (1763.25 & 312.47) and FSJK (1628.91 + 287.36)
had the lowest. The Shannon index (Figure 1d) showed that AHGF (7.16 £ 0.23) and
DZGF (7.04 £ 0.19) had the highest fungal diversity, while FSJK (6.53 & 0.27) and DZJK
(6.67 £ 0.24) had relatively lower levels.
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4000

chao1
shannon
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9.00

Group Group

2500

7.0

2000 6.5
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1500
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< N L N < N
O » o S () N
& & & S NG §
Group Group

5.0

< & <
¥ & &

Figure 1. Alpha diversity indices of bacterial (top) and fungal (bottom) communities in healthy (JK)
and root rot-affected (GF) rhizosphere soils of PKC collected from three geographic locations (FS,
AH, DZ). (a) Bacterial Chaol richness, (b) Bacterial Shannon diversity, (c) Fungal Chaol richness,
(d) Fungal Shannon diversity. Values are shown as mean + SD (n = 3). Asterisks indicate significant
differences between healthy and diseased groups within each location (* p < 0.05, p < 0.01, Wilcoxon
rank-sum test). Abbreviations: FS, Lincang (Fengqing County); AH, Qujing (Huize County); DZ,
Kunming (Xundian County); JK, healthy plants; GF, root rot-affected (diseased) plants.

To evaluate beta diversity, we performed principal coordinate analysis (PCoA) on
bacterial (16S) and fungal (ITS) communities (Figure 2) [43]. For bacterial communities,
PCoA based on Bray—Curtis distance (Figure 2a) showed that PCol and PCo2 explained
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42.81% and 29.29% of the total variation, respectively. Samples showed clear geographical
clustering: Kunming (DZ) samples clustered in the positive direction of PCol, Lincang (FS)
samples in the negative direction of PCol, and Qujing (AH) samples in the negative direc-
tion of PCo2. Notably, healthy and diseased samples from the same location did not form
independent clusters. For fungal communities, PCoA based on weighted UniFrac distance
(Figure 2b) showed that PC1 and PC2 explained 50.08% and 21.74% of the total variation.
Similarly to bacteria, fungal samples were also significantly separated by geographical
origin. These results indicate that geographic origin is the dominant factor associated
with rhizosphere microbial community structure, as further confirmed by PERMANOVA
(for bacteria: R? = 0.682 for location vs. R? = 0.073 for health status, p = 0.001; for fungi:
R? = 0.651 for location vs. R? = 0.068 for health status, p = 0.001), while plant health status
has a comparatively weaker and site-specific effect.

a PCoA - PC1 vs PC2 b PCoA - PC1 vs PC2
N\ ik
A\ A A
& \ " -
\ 4 G4 / ]
02
\\ J
g W FSGF ¥ B FSGF
& ® FSK X ® FSJK
] A AHGF £ 00 A AHGF
S oo AHK & AHJ
N © DZGF & . DZGF
4 N DZK § DZJK
D
@® 3
o N
-04
02
s %

-0.2

00 00 05
PC1 (42.81% ) PC1(50.08% )

Figure 2. Beta diversity analysis. (a) PCoA of bacterial communities based on Bray—Curtis dis-
tance; (b) PCoA of fungal communities based on weighted UniFrac distance. PERMANOVA results
(999 permutations): for bacteria, geographic location R? = 0.682, p = 0.001; health status R? = 0.073,
p = 0.089 (not significant). For fungi, geographic location R2=0.651, p =0.001; health status R? =0.068,
p =0.102 (not significant). Abbreviations: FS, Lincang (Fengqing County); AH, Qujing (Huize
County); DZ, Kunming (Xundian County); JK, healthy plants; GF, root rot-affected (diseased) plants.

3.3. Microbial Community Composition at Phylum and Genus Levels

At the phylum level, bacterial and fungal community compositions showed signifi-
cant differences among samples from different geographical locations (Figure 3a,b). For
bacterial communities, Proteobacteria and Acidobacteria were the dominant phyla across
all three sites. However, the relative abundance of Proteobacteria was higher in Kunming
(DZ) samples compared to Lincang (FS) and Qujing (AH) samples, while Acidobacteria
was more abundant in Lincang samples (Wilcoxon rank-sum test, FDR-adjusted q < 0.05).
Notably, approximately 75% of bacterial sequences could not be classified at the phylum
level, suggesting the presence of numerous uncultured or novel bacterial taxa. For fungal
communities (Figure 3b), Ascomycota occupied an absolutely dominant position in all sam-
ples, with relative abundance exceeding 70%, while Basidiomycota and Mortierellomycota
were present at lower abundances.

At the genus level, we constructed heatmaps to visualize the relative abundance
patterns (Figure 3c,d). The bacterial heatmap revealed that Burkholderia-Caballeronia-
Paraburkholderia, Rhodanobacter, and Pseudolabrys had higher relative abundances in healthy
groups (FSJK, AHJK, DZJK) compared to their corresponding diseased groups (FSGF,
AHGE DZGF) (Wilcoxon rank-sum test, FDR-adjusted q < 0.05). Conversely, genera such
as Acidiferrimicrobium, HSB_OF53_F07, and Bryobacter were more abundant in diseased
rhizosphere soil (q < 0.05). The fungal heatmap showed that Fusarium was highly abundant
across all samples, with no significant differences between healthy and diseased plants
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(g > 0.05 for all pairwise comparisons), while genera such as Meyerozyma, Allobotryotrichum,
and Fusicolla exhibited higher relative abundance in diseased plants at the Lincang and
Kunming sites (q < 0.05).
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Figure 3. Composition of rhizosphere microbial communities in PKC at phylum and genus levels.
(a,b) Relative abundance of bacterial (16S) and fungal (ITS) communities at the phylum level, with
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paired bars for healthy (JK) and diseased (GF) samples at each location to facilitate direct visual
contrast. (c,d) Heatmaps of bacterial and fungal communities at the genus level; color intensity
represents Z-score-standardized relative abundance (blue: lower, red: higher). For both phylum-
and genus-level data, samples from the same geographic location (FS, AH, or DZ) cluster together
regardless of health status, while samples from different locations show clear separation, indicating
that geographic origin is more strongly associated with microbial community structure than disease
status. Each group contains 3 biological replicates. Differences in relative abundance between groups
were assessed by Wilcoxon rank-sum tests with FDR correction (q < 0.05); taxa with q < 0.05 are
discussed as significantly different in the text. Abbreviations: FS, Lincang (Fengqing County); AH,
Qujing (Huize County); DZ, Kunming (Xundian County); JK, healthy plants; GF, root rot-affected
(diseased) plants.

3.4. Differential Microbial Genera Associated with Root Rot

To identify differential indicator microorganisms across different groups, we con-
ducted LEfSe analysis as described in Section 2.5 with a logarithmic LDA threshold >
2.0 [44]. A total of 19 bacterial indicator genera with significant differences in abun-
dance among the six groups were identified (Figure 4a). In Lincang, Acidiferrimicrobium
and HSB_OF53_F07 were significantly enriched in the healthy group (FSJK), whereas
Burkholderia-Caballeronia-Paraburkholderia and Rhodanobacter showed higher LDA scores in
the diseased group (FSGF). Similar patterns were observed in Qujing and Kunming, with
slight variations in LDA scores. In Qujing, the healthy group (AHJK) showed high LDA
scores for both Acidiferrimicrobium and HSB_OF53_F07, while the diseased group (AHGF)
was enriched with Burkholderia-Caballeronia-Paraburkholderia and Pseudolabrys. In Kunming,
the diseased group (DZGF) showed significant enrichment of Burkholderia-Caballeronia-
Paraburkholderia and Rhodanobacter, while the healthy group (DZJK) was primarily indicated
by Acidiferrimicrobium and HSB_OF53_F07 (LDA = 4.1). These cross-location consistent
enrichment patterns suggest that these genera may serve as potential biological indicators
for rhizosphere health in PKC. For the fungal community (Figure 4b), a total of 23 signifi-
cantly different indicator genera were identified. However, in contrast to bacteria, Fusarium
showed extremely high LDA scores across all six groups without significant inter-group
specificity. Similarly, genera such as Meyerozyma, Allobotryotrichum, and Fusicolla were
highly enriched in all groups. These results suggest that these fungal genera are likely
resident core microbiota in the PKC rhizosphere rather than disease-specific indicators.
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Figure 4. Linear discriminant analysis (LEfSe) of bacterial (a) and fungal (b) communities in rhizo-
sphere soils of healthy and root rot-affected PKC. Only taxa with significant differential abundance
(Kruskal-Wallis test, p < 0.05) and LDA scores > 2.0 are shown. Colors indicate different groups (see
legend), and bar length represents the LDA score. Abbreviations: FS, Lincang (Fengqing County);
AH, Qujing (Huize County); DZ, Kunming (Xundian County); JK, healthy plants; GF, root rot-affected
(diseased) plants.
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3.5. Cross-Kingdom Co-Occurrence Network Analysis

To explore differences in rhizosphere microbial interaction patterns between healthy
and root rot-affected PKC, we constructed cross-kingdom co-occurrence networks for
healthy and diseased groups, respectively (Figure 5) [45]. Network topology parameters
showed that the number of nodes (277 vs. 280) and edges (13,255 vs. 15,291) in the diseased
network were higher than in the healthy network, indicating greater microbial interaction
network complexity under disease conditions.

GF JK
Node numbers: 277 Node numbers: 280
Edge numbers: 13255 Edge numbers: 15291

. Positive: 55.13% e POSItIVE: 55.04%
Negative: 44.87% Negative: 45.96%

B Bacteria (41.52%) I Bacteria (44.29%)

B Fungi (57.04%) B Fungi (51.43%)

B Archaea (1.44%) B Archaea (4.29%)

Figure 5. Cross-kingdom co-occurrence networks of rhizosphere microbial communities in healthy
(JK) and root rot-diseased (GF) PKC. Node colors represent different kingdoms (orange: Bacteria,
green: Fungi, purple: Archaea); edge colors represent correlation types (orange: positive, purple:
negative). The healthy network is fungus-dominated (57.04% fungi), while the diseased network shifts
to bacterium-dominated (55.71% bacteria), indicating fundamental network reorganization associated
with root rot. Topological parameters are described in the main text. Networks are constructed based
on strong and significant correlations (Spearman’s | p| > 0.6, p < 0.01, FDR-corrected). Abbreviations:
JK, healthy plants; GF, root rot-affected (diseased) plants. Percentages may not sum to exactly 100%
due to rounding.

Strikingly, the positive correlation rate in the healthy network was 55.13%, slightly
higher than the 55.04% in the diseased network; correspondingly, the negative correlation
ratio increased from 44.87% to 45.96%, suggesting that disease may intensify competitive
interactions within the microbial community. More importantly, there was a fundamental
structural shift in network composition: the healthy network had the highest proportion
of fungi (57.04%), exhibiting a fungus-dominated network characteristic. In the diseased
network, bacteria became the dominant group (55.71%), with their relative abundance
increasing from 41.52% to 44.29%, and archaea increasing from 1.44% to 4.29%. In summary,
the networks of healthy and diseased plants differ markedly in multiple aspects: diseased
networks exhibit greater complexity (more nodes and edges), higher negative correlation
ratios (indicating intensified competition), and a fundamental kingdom-level shift from
fungal to bacterial dominance. This ecological niche transition from fungal dominance
to bacterial dominance reveals a fundamental reorganization of rhizosphere microbial
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communities during root rot disease progression, suggesting that pathogen infection may
disrupt the original fungal network skeleton, thereby triggering bacterial community
expansion and interaction network restructuring.

3.6. Fungal Trophic Mode Prediction Using FUNGuild

Based on functional prediction analysis of fungal community trophic mode using the
FUNGuild database (Figure 6) [41], the relative abundance of pathotrophic fungi in the
rhizosphere soil of root rot-diseased plants (GF group) was consistently higher than that in
healthy plants (JK group) across all three locations, while the relative abundance of sym-
biotrophic fungi consistently decreased in the diseased group. Saprotrophic fungi did not
exhibit a consistent trend between healthy and diseased groups. These results indicate that
root rot disease is associated with a shift in the PKC rhizosphere fungal community from a
symbiotrophic/saprotrophic-dominated type toward a pathotroph-dominated type, sug-
gesting a global functional reorganization of the fungal community in response to root rot.
Notably, at the finer guild level (e.g., Plant_Pathogen, Arbuscular_Mycorrhizal), no individ-
ual guild showed statistically significant differences after FDR correction (Supplementary
Table S3), indicating that disease-induced functional alterations are more pronounced at
broader trophic categories than at the finer guild level. This pattern is consistently observed
across all three locations (Supplementary Table S3), reinforcing the view that the functional
shift is systemic rather than driven by a single guild.

19— e —
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Figure 6. Relative abundance of fungal trophic modes in rhizosphere soils of healthy and root
rot-affected PKC across three geographic locations. Abbreviations: FS, Lincang (Fengqing County);
AH, Qujing (Huize County); DZ, Kunming (Xundian County); JK, healthy plants; GF, root rot-affected
(diseased) plants.

3.7. Correlations Between Microbial Communities and Soil Environmental Factors

To examine the associations between soil physicochemical factors and the rhizosphere
bacterial and fungal community structure of PKC, we conducted redundancy analysis
(RDA) and canonical correspondence analysis (CCA), respectively (Figure 7a,b) [46]. RDA1
and RDA2 explained 27.49% and 23.23% of the total variation in bacterial communities,
while CCA1 and CCA2 explained 31.61% and 27.7% of the total variation in fungal com-
munities. Environmental factor fitting analysis (envfit) showed that, except for pH, all
measured soil properties (WC, SOM, TN, TP, TK, AN, AP, AK) were significantly correlated
with both bacterial and fungal community structure (p < 0.01).
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Figure 7. Redundancy analysis (RDA) and canonical correspondence analysis (CCA) of rhizosphere
bacterial and fungal community structures with soil physicochemical properties in PKC. Abbrevia-
tions: FS, Lincang (Fengqing County); AH, Qujing (Huize County); DZ, Kunming (Xundian County);
JK, healthy plants; GF, root rot-affected (diseased) plants. Note: (a) RDA plot of bacterial (165 rRNA)
communities. RDA1 and RDA2 explained 27.49% and 23.23% of the total variance, respectively.
(b) CCA plot of fungal (ITS) communities. CCA1 and CCA2 explained 31.61% and 27.7% of the total
variance, respectively.

To further verify the association between overall soil physicochemical factors and
microbial communities, we conducted Mantel tests (based on Spearman rank correlation,
999 permutations) [38]. The results showed that the soil physicochemical property distance
matrix (based on all nine factors) was significantly positively correlated with the bacte-
rial community Bray—Curtis distance matrix (r = 0.725, p = 0.001) and also significantly
positively correlated with the fungal community distance matrix (r = 0.768, p = 0.001)
(Table 2). When extended to genus-level abundance, Mantel tests also revealed significant
correlations for both bacteria (r = 0.612, p = 0.001) and fungi (r = 0.658, p = 0.001). Fur-
thermore, soil properties were significantly correlated with alpha diversity indices: for
bacteria, Chaol (r = 0.487, p = 0.003) and Shannon (r = 0.523, p = 0.001); for fungi, Chaol
(r = 0.441, p = 0.008) and Shannon (r = 0.506, p = 0.001). These results indicate that soil
physicochemical properties are associated with not only community composition but also
species richness and diversity.

Table 2. Mantel test correlations between soil physicochemical properties and microbial communities.

Comparison r p-Value Permutations
Soil properties vs. bacterial community composition 0.725 0.001 999
Soil properties vs. fungal community composition 0.768 0.001 999
Soil properties vs. bacterial genus-level composition 0.612 0.001 999
Soil properties vs. fungal genus-level composition 0.658 0.001 999
Soil properties vs. bacterial Chaol 0.487 0.003 999
Soil properties vs. bacterial Shannon 0.523 0.001 999
Soil properties vs. fungal Chaol 0.441 0.008 999
Soil properties vs. fungal Shannon 0.506 0.001 999

Note: Mantel tests were performed using Spearman’s rank correlation based on Euclidean distance of nine
soil physicochemical properties (WC, SOM, TN, TP, TK, AN, AP, AK, pH) and Bray—Curtis distance for bacte-
ria/weighted UniFrac distance for fungi.

Spearman correlation analysis further screened key microbial genera significantly
correlated with soil physicochemical factors (Supplementary Tables S1 and S2; the corre-
sponding correlation heatmap is shown in Supplementary Figure S2) [47]. Among these,
Bradyrhizobium was strongly positively correlated with SOM, TN, and AN (p > 0.80), while
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Fusarium was strongly negatively correlated with SOM and TN (p < —0.90). Other notable
correlations included: Rhodanobacter showed strong negative correlations with SOM, TN,
and AN (p < —0.70); Acidiferrimicrobium was positively correlated with WC (p = 0.59) and
negatively with SOM and TN (p < —0.60); Burkholderia-Caballeronia-Paraburkholderia exhib-
ited negative correlations with SOM, TN, and AN (p < —0.65); Aspergillus showed moderate
negative correlations with multiple nutrients (p < —0.65); Mortierella was positively cor-
related with TK and negatively correlated with SOM and TN (p > 0.50); and Meyerozyma
exhibited strong negative correlations with SOM, TN, and AN (p < —0.85). From the sample
distribution in the ordination plots, samples from different geographical locations (AH,
DZ, FS) were clearly separated along the main axes, while healthy and diseased samples
from the same location were intermingled, showing no separation trend. Together, these
results demonstrate that geographical location and soil physicochemical properties are the
dominant factors associated with the structure of both bacterial and fungal communities in
the PKC rhizosphere, being more strongly associated with plant health status.

4. Discussion

Consistent with previous large-scale studies [11,17], our results indicate that geograph-
ical origin was the strongest correlate of rhizosphere microbial community variation in
PKC, while plant health status exerts a comparatively weaker, site-specific effect. This
finding aligns with the view that soil microbial communities are mainly structured by
environmental factors at larger spatial scales [8]. A recent study on root rot of Knoxia
roxburghii similarly confirmed that geographic location and soil properties, rather than
disease status alone, are associated with rhizosphere microbial community variation [48].
Significant differences in soil physicochemical properties such as organic matter, total
nitrogen, and total potassium were observed among the three locations, but differences
between healthy and diseased plants were not uniform. The water content of diseased soil
in Lincang significantly increased, while organic matter and nitrogen content significantly
decreased; Kunming showed only an increase in water content; and Qujing showed no
significant differences in any of the nine measured indicators between healthy and diseased
plants. This indicates that root rot occurrence is not necessarily accompanied by systematic
changes in soil nutrients, reinforcing the view that disease in different locations may be
linked to distinct microecological correlates rather than a universal nutrient-deficiency
pattern [4,9]. Alpha and beta diversity analyses further showed that microbial community
structures were significantly separated by location, while healthy and diseased samples
within the same location were intermingled, once again highlighting the strong association
between geographical environment and microbial community structure [8].

Notably, despite strong geographic signatures, we identified conserved micro-
bial shifts across all three locations. LEfSe analysis identified that Acidiferrimicrobium
and HSB_OF53_F07 were consistently enriched in healthy groups, while Burkholderia-
Caballeronia-Paraburkholderia and Rhodanobacter were enriched in diseased groups [44]. A
parallel study on grapevine root rot demonstrated that healthy plants recruit core beneficial
bacteria (Pseudomonas, Bacillus, and Streptomyces) from the rhizosphere, which enhance
disease resistance [49]. These cross-location consistent enrichment patterns suggest they
may serve as potential biological indicators for PKC rhizosphere health.

Importantly, the disease-associated bacteria identified by LEfSe—Burkholderia-
Caballeronia-Paraburkholderia and Rhodanobacter—consistently co-occur with Fusarium across
all three locations, suggesting they form part of a multi-kingdom pathobiome rather than
acting as independent pathogens. These bacterial taxa may contribute to disease progres-
sion by facilitating fungal infection through siderophore production, degradation of plant
defense compounds, or exploitation of root tissues damaged by Fusarium [8]. Conversely,

https://doi.org/10.3390 /microorganisms14071568


https://doi.org/10.3390/microorganisms14071568

Microorganisms 2026, 14, 1568

15 of 20

the health-enriched genera Acidiferrimicrobium and HSB_OF53_F07 are likely components
of the native disease-suppressive microbiome, and their decline may weaken the soil’s
natural resistance to pathogen invasion. Importantly, the composition and activity of this
pathobiome are not fixed but are associated with soil properties: in nutrient-rich Kunming
soils, the pathobiome exhibited more complex network reorganization, whereas in Qujing—
where minimal nutrient differences were observed between healthy and diseased soils—the
pathobiome shifts were more subtle and primarily functional (trophic mode changes) rather
than compositional. This supports the view that the pathobiome is a dynamic consortium
influenced by both biotic interactions and the edaphic environment.

Unlike the commonly held belief that Fusarium is the main pathogen of root rot [3,20],
Fusarium was highly enriched in all samples and showed no significant differences between
healthy and diseased individuals. Using integrated multiomics, Pang et al. [20] system-
atically studied Polygonatum cyrtonema rhizome rot and found that although Fusarium
oxysporum and Colletotrichum spaethianum were confirmed as pathogens, healthy rhizo-
sphere soil was enriched with beneficial Streptomyces that could suppress root rot. This
suggests that Fusarium may be a resident core microbiota in the PKC rhizosphere, only trans-
forming into a pathogenic state under specific conditions, consistent with the observations
of Gordon [50] that many Fusarium species are opportunistic pathogens.

More importantly, FUNGuild functional prediction revealed a common functional
transformation across all three locations: the relative abundance of pathotrophic fungi in dis-
eased plant rhizosphere was consistently higher than in healthy plants, while symbiotrophic
fungi were consistently reduced [41]. Although FUNGuild analysis did not identify indi-
vidual guilds that reached statistical significance after FDR correction (q < 0.05, Supple-
mentary Table S3), the consistent shift at the trophic mode level-increased pathotrophs
and decreased symbiotrophs-points to a global nutritional reorganization of the fungal
community in response to root rot. This aligns with findings from Taraxacum kok-saghyz
root rot, where diseased plants showed significant enrichment of potential pathogenic
taxa including Aspergillus, Fusarium, Alternaria, and Paramyrothecium, while beneficial taxa
including Sphingomonas, Gemmatimonas, and Bacillus were predominantly enriched in
healthy rhizosphere [51]. This suggests that disease-induced functional alterations may
be more pronounced at broader trophic categories than at the finer guild level [10,16].
The observation that pathotrophs increase while symbiotrophs decrease across all three
locations, despite the absence of significant changes in any single guild, implies that the
overall functional shift is driven by coordinated changes across multiple pathotrophic and
symbiotrophic lineages rather than by the expansion of a single dominant guild.

The cross-kingdom reconstruction of the rhizosphere microbial interaction network
represents another important discovery. The healthy network was dominated by fungi
(57.04%), while bacteria became the dominant group in the diseased network (55.71%),
showing an ecological niche transition from fungal dominance to bacterial dominance [45].
Simultaneously, the negative correlation rate in the diseased network increased from
44.87% to 45.96%, indicating that disease may intensify competitive interactions within the
microbial community [52]. A recent study on tobacco root rot caused by Fusarium solani
revealed a strikingly similar pattern: diseased plants exhibited systematic reorganization
of cross-kingdom co-occurrence networks, with bacterial-fungal interactions decreasing
by 8-27% compared to healthy plants [52]. This type of network reconstruction has not
been previously reported in studies on PKC root rot, suggesting that pathogen infection
may disrupt the original fungal network skeleton, thereby triggering bacterial community
expansion and interaction relationship reorganization.

Mechanistically, this striking ecological shift from fungal dominance to bacterial
dominance may be driven by pathogen-induced alterations in root exudation patterns and
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tissue permeability [13]. In healthy plants, balanced root exudation—comprising sugars,
organic acids, and secondary metabolites—likely maintains a stable, fungus-dominated
community by providing consistent carbon sources that support symbiotic fungi and
beneficial bacteria such as Acidiferrimicrobium. Upon pathogen infection, however, root
tissues become more permeable due to cell wall degradation by fungal enzymes (e.g.,
cellulases and pectinases), leading to increased leakage of intracellular nutrients into
the rhizosphere. This nutrient spillover creates a “hotspot” that favors fast-growing,
copiotrophic bacteria (e.g., Burkholderia and Rhodanobacter) over slower-growing fungi,
which is consistent with our observed network shift from fungal to bacterial dominance
in diseased soils. Concurrently, infection may suppress the secretion of defense-related
secondary metabolites that normally inhibit opportunistic pathogens, further facilitating
Fusarium proliferation. Several additional ecological mechanisms may also contribute
to this reorganization. First, root rot pathogens may directly suppress or kill specific
fungal taxa that serve as network hubs, creating vacant niches that are rapidly occupied
by opportunistic bacteria. Second, infection-induced changes in root exudate composition-
such as altered ratios of sugars, amino acids, and organic acids-may differentially affect
fungal and bacterial growth, favoring fast-growing bacterial opportunists over slower-
growing fungi. Third, the increased proportion of negative correlations in the diseased
network suggests intensified resource competition, potentially driven by pathogen-induced
nutrient limitation or niche contraction.

RDA and CCA analyses showed that, except for pH, all soil physicochemical factors
were significantly correlated with microbial community structure [46]. Samples were strictly
sorted by geographical origin, with no separation between healthy and diseased states,
once again indicating that geographically related soil heterogeneity is strongly associated
with microbial community structure [48]. This result underscores a critical methodological
implication: when conducting comparative studies on diseases, it is necessary to carefully
control for differences in geographical and soil backgrounds; otherwise, geographical
signals may be mistaken for disease signals. The Mantel test results (bacteria: r = 0.725,
p = 0.001; fungi: r = 0.768, p = 0.001) independently corroborated the RDA /CCA findings,
indicating that soil physicochemical properties are significant correlates of rhizosphere
microbial community assembly [40]. Notably, the higher correlation coefficient for fungi
(r =0.768 vs. 0.725 for bacteria) suggests that fungal communities may be more responsive
to edaphic variations than bacterial communities, potentially due to their greater sensitivity
to moisture and organic matter fluctuations.

Several limitations of this study should be acknowledged. Our amplicon sequencing
approach provides relative abundance information with limited taxonomic resolution, and
the single time-point sampling cannot capture the temporal dynamics of microbial shifts.
Moreover, although we proposed mechanistic hypotheses regarding root exudates and
tissue permeability, these variables were not directly measured in the present study. Future
research integrating root exudate metabolomics, tissue permeability assays, metagenomics,
culturomics, and longitudinal sampling would help to functionally validate the roles of
the identified indicator genera and directly test the mechanistic hypotheses proposed here.
As reviewed recently, rhizosphere engineering approaches-including the deployment of
synthetic microbial communities (SynComs) and root exudate manipulation-hold promise
for translating microbiome discoveries into sustainable crop protection strategies [53].

Despite these limitations, the above results systematically compare the rhizosphere
microbiota of PKC from three geographical locations for the first time. The core novel-
ties of this study lie in: (i) identifying cross-location consistent bacterial indicator genera
(healthy-enriched Acidiferrimicrobium and HSB_OF53_F07, diseased-enriched Burkholderia-
Caballeronia-Paraburkholderia and Rhodanobacter); (ii) revealing increased pathotrophic fungi
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and decreased symbiotrophic fungi as common functional changes across all three locations;
(iii) providing the first report of an ecological niche transition in the rhizosphere micro-
bial network from fungal dominance to bacterial dominance induced by root rot disease;
and (iv) proposing a mechanistic framework linking pathogen-induced root permeability
changes to the observed kingdom-level network reorganization. These findings provide
new insights into the microecological mechanisms of PKC root rot and offer a theoretical
basis for green prevention and control strategies such as targeted restoration of symbiotic
fungi and regulation of bacterial indicator genera.

5. Conclusions

In conclusion, this study provides the first systematic evidence of location-transcending
microbial dynamics associated with PKC root rot in Yunnan Province. Four bacterial gen-
era (Acidiferrimicrobium, HSB_OF53_F07, Burkholderia-Caballeronia-Paraburkholderia, and
Rhodanobacter) emerged as consistent indicators across three geographically distinct sites.
Fungal trophic modes shifted predictably (pathotrophs 1, symbiotrophs |), and the rhi-
zosphere network underwent a fundamental reorganization from fungus-dominated to
bacterium-dominated. Nevertheless, geographic origin and soil physicochemical properties
remained the strongest correlates of microbial community variation, underscoring the im-
portance of soil background in disease studies. These findings establish a microecological
framework for understanding PKC root rot and provide potential biomarkers for green
disease management, such as targeted restoration of symbiotrophic fungi or modulation of
specific bacterial indicator genera.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/microorganisms14071568/s1, Figure S1: Morphological compari-
son of healthy and root rot-affected Polygonatum kingianum Coll. (PKC) plants; Table S1: Spearman
rank correlation coefficients between soil physicochemical properties and the relative abundance
of bacterial genera (mean relative abundance > 0.1%); Table S2: Spearman rank correlation coeffi-
cients between soil physicochemical properties and the relative abundance of fungal genera (mean
relative abundance > 0.1%); Figure S2: Spearman correlation heatmap between soil physicochemical
properties and (A) bacterial genera, (B) fungal genera; Table S3: FUNGuild-based functional guild
abundances in rhizosphere fungal communities (no significant differences detected at q < 0.05);
Table S4: Differentially abundant KEGG pathways (q < 0.05) in rhizosphere bacterial communities of
Lincang (FS) samples; Table S5: Differentially abundant KEGG pathways (q < 0.05) in rhizosphere
bacterial communities of Kunming (DZ) samples; Figure S3: Heatmap of differentially abundant
KEGG pathways (q < 0.05) in Lincang (FS) rhizosphere bacterial communities.

Author Contributions: S.X. conceived and designed the study. S.D., ].S.,, M.H. and R.S. collected
soil samples and performed the physicochemical analyses. S.D. and J.S. conducted the amplicon
sequencing data processing and bioinformatics analysis. M.H. and R.S. performed the statistical
analysis and visualization. R.S. supervised the project and acquired funding. S.D. and S.X. wrote and
revised the manuscript. All authors have read and agreed to the published version of the manuscript.

Funding: This work was supported by National Natural Science Foundation of China (32260720); the
China Agriculture Research System (CARS-21); Yunnan international joint Innovation platform For
South Asia and Southeast Asia Science and Technology Innovation Center (202403AP140042); Yunnan
Province rural revitalization science and technology innovation village project (202404BU090008);
Guizhou Provincial Forestry Bureau 2026 Key Research Project (2026006).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The raw sequencing data have been deposited in the NCBI Sequence
Read Archive (SRA) under BioProject accession number PRJNA1475215.

https://doi.org/10.3390 /microorganisms14071568


https://www.mdpi.com/article/10.3390/microorganisms14071568/s1
https://www.mdpi.com/article/10.3390/microorganisms14071568/s1
https://doi.org/10.3390/microorganisms14071568

Microorganisms 2026, 14, 1568 18 of 20

Acknowledgments: During the preparation of this manuscript, the authors used DeepSeek (version
2025) for the purposes of language polishing and grammar checking. The authors have reviewed and
edited the output and take full responsibility for the content of this publication.

Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations

The following abbreviations are used in this manuscript:

PKC Polygonatum kingianum Coll.

WC water content

TP total phosphorus

TK total potassium

TN total nitrogen

SOM soil organic matter

AN alkaline nitrogen

AK available potassium

AP available phosphorus

RDA redundancy analysis

CCA canonical correspondence analysis
FDR false discovery rate

ITS internal transcribed spacer

KEGG Kyoto Encyclopedia of Genes and Genomes
LDA linear discriminant analysis

LEfSe linear discriminant analysis effect size
OTU operational taxonomic unit

PCoA principal coordinate analysis

PERMANOVA  permutational multivariate analysis of variance
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